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Chapter 3
Detection of Dominant Algal Blooms by Remote
Sensing
Chuanmin Hu, Shubha Sathyendranath, Jamie D. Shutler, Christopher W.
Brown, Tim S. Moore, Susanne E. Craig, Inia Soto and Ajit Subramaniam

3.1

Introduction

The launch of the proof-of-concept Coastal Zone Color Scanner (CZCS) onboard
the Nimbus-7 satellite in 1978 provided unprecedented data to study the biology
of the oceans (Hovis et al., 1980). For the first time, chlorophyll-a concentrations
in the surface ocean could be estimated at synoptic scales (Gordon et al., 1980;
Smith and Baker, 1982), leading to improved understanding of the ocean’s primary
productivity and biogeochemistry (Mitchell, 1994). After about a 10-year gap, the
Sea-viewing Wide Field-of-view Sensor (SeaWiFS) mission continued ocean-colour
observations from 1997, followed by other sister missions such as the Moderate
Resolution Imaging Spectroradiometer (on MODIS-Terra 2000, and -Aqua, 2002) and
the Medium Resolution Imaging Spectrometer (MERIS, 2002 — 2012).
While the main goals of these missions were to determine the chlorophyll-a
content and primary productivity the global oceans, recent efforts showed that it was
also possible to map distributions of major phytoplankton functional types (PFTs)
in the global open ocean (for example, Subramaniam et al., 2002; Sathyendranath et
al., 2004b; Alvain et al., 2005; Ciotti and Bricaud, 2006; Cannizzaro et al., 2008; Nair
et al., 2008; Raitsos et al., 2008; Brewin et al., 2010c; Mouw and Yoder, 2010; Moisan
et al., 2012; 2013). Although most of these results are preliminary, they show great
potential for studying biodiversity and bloom dynamics in the ocean.
The principle of detecting PFTs from space relies on their spectral differences in
their contributions to remote sensing reflectance (Rrs , sr−1 ), which in turn is determined by the spectral absorption (a, m−1 ) and backscattering (bb , m−1 ) coefficients
of the ocean (pure water and various particulate and dissolved matters):
Rrs = Gbb /(a + bb ) = G(bbw + bbp )/(a + bbw + bbp )
= G(bbw + bbp )/(aw + aB + ad + ag + bbw + bbp ),

(3.1)

where a is the sum of the individual absorption coefficients of water (aw ), phy39
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toplankton pigments (aB ), coloured dissolved organic matter (ag ), and detrital
particles (ad ). Here, G is a parameter related to the solar zenith angle and sensor
viewing geometry. For simplicity the dependence on wavelength (λ) is omitted in
the equation.
The algorithms to differentiate the PFTs make use of their different absorption
and backscattering properties either implicitly (e.g., through empirical regression)
or explicitly (e.g., through deriving the pigment-specific absorption). Whereas all
these approaches can be found in the published literature, this chapter presents a
brief summary and several examples on how to utilize the optical properties (Rr s ,
a, bb ) derived from remote sensing measurements to differentiate phytoplankton
blooms. Some indirect methods that infer the distributions of PFTs from other
satellite products, such as chlorophyll-a concentration, are also described. The
objective is to demonstrate the current approaches of bloom differentiation and
discuss their advantages and disadvantages, in the hope that improved methods
may be developed from future satellite sensors equipped with more spectral bands
at higher ground resolution.

3.2
3.2.1

Detection of Diatom Blooms
Background

Diatoms, typically large-celled organisms, incorporate silica that is used to form
the characteristic frustules (a type of exoskeleton), which envelopes the diatom
cells. Their large size as well as the presence of silica endows diatoms with a high
sinking rate, facilitating the biological transport of organic material and silica to
deep waters, or to the sediments. Since there is often a size-dependent relationship
between prey and predators, the zooplankton that feed on diatoms tend to be
different from those that rely on smaller phytoplankton cells, and these differences
in the trophic structure can be transmitted all the way up the food chain. High
turbulence and associated vertical mixing can counteract the sinking to some extent,
and it is generally understood that diatom blooms are often associated with areas
of high turbulence, which in turn are often associated with high vertical fluxes of
nutrients. These properties set diatoms apart from other phytoplankton, and there
is considerable interest in their distinct functional roles, from a biogeochemical
perspective.

3.2.2

Distribution

Diatoms tend to dominate Spring blooms in temperate and high latitude areas, and
can also be an important constituent of Autumn phytoplankton blooms. They are
associated with upwelling areas, and in general with high-nutrient, high-turbulence,
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low-light waters. Along a trophic gradient, they tend to dominate in high-chlorophyll
waters (see also Chapter 1 of this report).

3.2.3

Optical traits

The absorption spectra of diatoms tend to be flat because of pigment packaging that
typically occurs in large phytoplankton cells. As a result, the ratio of the absorption
peak in the blue to that in the red is low for diatoms, compared with that of
smaller cells. Their specific absorption coefficient (absorption coefficient at a given
wavelength, normalized to the chlorophyll concentration in the sample) also tends to
be different, being smaller than corresponding values for smaller cells. The optical
traits of diatoms are further modulated by their pigment composition. Dierssen and
Smith (2000) have reported that the diatoms tend to show less backscattering than
other phytoplankton populations at similar concentrations.

3.2.4

Remote-sensing algorithms for identification and mapping of
diatoms

The algorithms that have been proposed so far fall into three categories:
v Abundance-based methods
v Optical-trait-based methods
v Ecological approaches
Most of these models are described in other chapters of this report in different
contexts, but they are mentioned here briefly for completeness. Algorithms types
that are not detailed in the other chapters are described here at greater length.
3.2.4.1

Abundance-based methods

The simplest approach to map diatom distribution from space exploits the common
occurrence and frequent dominance of diatoms in high-chlorophyll waters. In their
implementation of this approach, Hirata et al. (2011), used in situ data on HPLC
pigment composition of phytoplankton to estimate the fractional contribution of
diatoms to total chlorophyll-a in any given sample. Such information collected from
a large number of samples from diverse regions was used to plot the fraction of
chlorophyll associated with diatoms as a function of total chlorophyll-a concentration in the sample. An empirical function was then fitted to the data to compute
the diatom fraction as a function of chlorophyll-a concentration. According to their
Table 2, fractional chlorophyll-a concentration [0.0 – 1.0] associated with diatoms
(Fd ) is computed from total chlorophyll-a (CT ) as:
Fd = [1.33 + exp(−3.98CT + 0.20)]−1 ,

(3.2)

(where the model parameters are reported to two decimal points). Once this relationship is established, diatom concentration (in units of chlorophyll-a) can be
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derived from satellite-based maps of chlorophyll-a. This method is also discussed in
Chapter 5 that deals with algorithms that are designed to identify many functional
types simultaneously.
Chapter 4 deals with algorithms designed to map size classes of phytoplankton.
Of the typical size classes that are studied, microplankton (with diameters greater
than 20 µm) have a close association with diatom algorithms, since microplankton
are often made up of dinoflagellates and diatoms. In the absence of dinoflagellates,
the microplankton component may be equated with diatoms. Many algorithms
that deal with size classes are abundance based (see Chapter 4 for further details
regarding such algorithms).
3.2.4.2

Optical-trait-based methods

Diatoms, being typically large-celled, have absorption spectra that are flattened
relative to those of smaller cells. The distinctive characteristics of diatom absorption
spectra have been exploited to discriminate them from other phytoplankton. In the
method of Sathyendranath et al. (2004b) and Jackson et al. (2011), two versions
of a spectrally-resolved reflectance model are implemented, one using absorption
characteristics of diatoms and the other using that of non-diatoms. The underlying
absorption models for diatoms and non-diatoms are based on simultaneous in situ
measurements of absorption spectra and chlorophyll concentrations made in waters
dominated by diatoms and non-diatoms. Relationships are then established between
chlorophyll concentration and reflectance ratios at selected pairs of wavebands, for
diatom and non-diatom models. These results are then applied to atmosphericallycorrected remote-sensing reflectance values, which are used to compute chlorophyll
concentration from two pairs of reflectance ratios (for diatom and non-diatom
models). The difference between pairs of computations is then examined. If the
percentage difference in the two chlorophyll values computed using the diatom
model is less than the corresponding value for the non-diatom model, then the pixel
is assigned to diatoms. Otherwise, the pixel in question is assumed to be dominated
by non-diatoms. The method is represented schematically in Figure 3.1.
This method is designed to identify whether or not diatoms dominate phytoplankton populations in a particular location. Once this decision is made, the
appropriate chlorophyll value can be assigned to the population. Also, if the results
are cumulated for a finite period, say a week or a fortnight, then one can generate
probability maps of diatom dominance for the area and for the period. This method
is not designed to yield fractional contributions from diatoms to total chlorophyll-a
in a single image. The method of Sathyendranath et al. (2004b) was developed for
the North West Atlantic, using regional observations of phytoplankton absorption.
Jackson et al. (2011) found that the optical properties of diatoms in the South East
Pacific differed from those of the North West Atlantic, and that the use of regional
observations of phytoplankton absorption in the reflectance model improved the
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Figure 3.1 Schematic flow chart showing the remote sensing approaches and
steps to classify diatom blooms.

performance of the regional model. The work of Jackson et al. (2011) points to a
general note of caution: diatoms represent a large diversity of species with a broad
range in size and a variety of cell shapes. As long as there are regional differences
in the species composition of bloom-forming diatoms, the model would ideally be
tuned for the region.
The optical traits of phytoplankton are also exploited in the differential optical
absorption spectroscopy (DOAS) developed by Perner and Platt (1979) and adapted
for phytoplankton applications by Bracher et al. (2009) and Sadeghi et al. (2012a).
The method is applied to satellite data with very high spectral resolution (hyper-
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spectral data) from the Scanning Imaging Absorption Spectrometer for Atmospheric
Chartography (SCIAMACHY) onboard the ENVISAT satellite. The method is described
in Chapter 5.
An alternative approach to exploiting the differences in the optical traits of
diatoms for their identification is to examine observed differences in their reflectance
spectra, as was done in the algorithm of Alvain et al. (2005). Using a large number
of in situ pigment observations that provided information on diatom-dominated
waters over a range of chlorophyll concentrations, they compared the corresponding
reflectance spectra with those from non-diatom dominated waters and established
statistical differences in the reflectance spectra that were then used to map diatomdominated waters from satellite data. A theoretical underpinning for their method
is provided in Alvain et al. (2012) and the full method (Alvain et al., 2005; 2012) is
discussed in detail in Chapter 5 of this report.
As in the case of abundance-based models, there are algorithms for identification
of size classes that are based on optical traits. Again, to the extent that microphytoplankton classes may be dominated by diatoms and not dinoflagellates, we can infer
some information on diatom distribution from such algorithms (see Chapter 4 for
details regarding these types of algorithms).
3.2.4.3

Ecological approaches

Another approach that has been used to map phytoplankton types from space is
based on the ecological and geographical preferences of various phytoplankton
types (e.g., Raitos et al., 2008). These authors used a number of satellite-derived
inputs to map phytoplankton types, including chlorophyll and water-leaving radiance (at 555 nm) from ocean-colour data, along with the photosynthetically-active
radiation (PAR) data provided by NASA, sea-surface temperature (SST) from the
Advanced Very High Resolution Radiometer (AVHRR) and wind-stress data derived
from satellite scatterometers. The radiance value served as a proxy for the backscattering coefficient, which is known to vary with phytoplankton type. The in situ
data on phytoplankton types, from the Continuous Plankton Recorder (Reid et al.,
2003a), were analyzed to determine dominant phytoplankton types in each sample
using the Z factor standardized method. The data for the North Atlantic Ocean
yielded over 3000 match-up data points between the years 1997 and 2003, and were
complemented with information on the geographic location (latitude and longitude)
of the sample. The data were processed using a probabilistic neural network to
associate patterns of in situ data (including location) with dominant phytoplankton
types. Once the neural network is established, the probabilistic distributions of
the phytoplankton types are mapped using the satellite data and the locations as
inputs. The method was used to map areas dominated by diatoms, dinoflagellates,
coccolithophores or silicoflagellates. More recently, Palacz et al. (2013) have also
used an ecological approach to map phytoplankton types. See Chapter 5 for further
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details on ecological approaches.

3.3
3.3.1

Detection of Coccolithophore Blooms
Background

Coccolithophores are marine phytoplankton that form external calcium carbonate
(CaCO3 ) scales or platelets (coccoliths) and are abundant at both high and low latitudes where they can form large blooms (Beaufort et al., 2008). They are considered
to be major calcifiers in the open ocean and play a key role in the oceanic carbon
cycle (Iglesias-Rodriguez et al., 2002; Balch et al., 2005). As with all phytoplankton,
coccolithophores consume carbon dioxide (CO2 ) during photosynthesis and release
CO2 during respiration, yet they also generate CO2 when they produce coccoliths.
This pelagic calcification counter-acts the CO2 uptake related to their fixation of
carbon during primary production (Harlay et al., 2010). As a consequence, their
presence affects the air-to-sea CO2 flux and the oceanic CO2 sink in a complex
manner (Shutler et al., 2013). Sedimentation of their coccoliths also constitutes
a major regional input to carbonate sediments, which serves as the largest reservoir of carbon on Earth (Iglesias-Rodriguez et al., 2002). These phytoplankton are
also linked to the generation of dimethyl sulphide (DMS) gas (Keller et al., 1989;
Keller, 1989). Once ventilated to the atmosphere, DMS is oxidized to a variety of
compounds, including sulfate aerosols. These aerosols contribute to the pool of
cloud-condensation nuclei (Steinke et al., 2002; Marandino et al., 2008) and affect the
Earth’s radiation budget (and thus climate) by scattering sunlight and influencing
cloud physics and albedo. The DMS-derived sulfate aerosols can also react with rain
droplets to produce acid rain. Consequently, coccolithophores are considered to
play an important role in oceanic carbon and sulphur cycles and they are able to
influence our climate. Furthermore, these phytoplankton may be sensitive to (and
be important indicators of) climate change (Smyth et al., 2004; Winter et al., 2013)
and ocean acidification (Tyrrell, 2008).
Of the numerous coccolithophores that live in the sun–lit layers of the world’s
oceans, the cosmopolitan species Emiliania huxleyi, when present at high concentrations (blooms) in the surface layer, can profoundly impact the optical properties
of the upper ocean (Balch et al., 1991; Tyrrell et al., 1999; Holligan et al., 1993),
making them visible to the naked eye and from Earth observation (EO). They occur
predominantly during the spring and summer months (Tyrrell and Merico, 2004),
although the remains from previous blooms may be visible at the surface during
winter months, due to re-suspension within the water column from storm mixing
(Broerse et al., 2003). In the later stages of growth these phytoplankton shed their
coccoliths, turning the water a milky or turquoise-white colour (Holligan et al., 1983;
Merico et al., 2003; Smyth et al., 2004). These conditions are easily discernible
from satellite ocean-colour data owing to their high reflectance across the visible
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spectrum. This unique characteristic allows the study of their frequency and distribution by satellite EO (Brown and Yoder, 1994; Cokacar et al., 2001; Merico et
al., 2003; Smyth et al., 2004; Shutler et al., 2013). This characteristic also means
that their presence can distort spectral band ratio EO ocean-colour chlorophyll-a
estimations and certain atmospheric correction algorithms (Gordon et al., 1988;
Balch et al., 1989). Consequently, data locations deemed to contain coccolithophore
bloom are routinely masked from NASA ocean-colour chlorophyll-a retrievals. Due
to the large spatial extent over which these blooms occur, EO data provide a useful
tool for mapping their aerial extent. Methods to detect and map these blooms from
space have concentrated on spectral approaches of varying complexity (Groom and
Holligan, 1987; Brown and Yoder, 1994; Brown and Podesta, 1997; Brown, 2000;
Cokacar et al., 2001; Gordon et al., 2001; Shutler et al., 2010; Moore et al., 2012).

(a)"

(b)"

(c)"

Figure 3.2 Example MERIS data on 20 June 2003 1124 UTC off the West English
Channel. The area of interest is from 48 to 52◦ N and 10 to 2◦ W. The a) MERIS
three-band pseudo true-colour image from combining three LwN bands (560,
490 and 443 nm), b) MERIS Algal 1 chlorophyll-a (units mg m−3 ) scene with
positions of eight study sites labelled, c) normalised water leaving radiance
spectra for each of the eight sites labelled in a) and b).

In this section we define a bloom as a phytoplankton concentration leading to a
spectral reflectance that is greater than the characteristic background reflectance
for a particular region. When studying coccolithophores using Earth observation
these concentrations are likely to be principally detached coccoliths, with some
coccospheres (coccolithophore cells). Figure 3.2a shows a MERIS pseudo-true colour
image and Figure 3.2b shows a chlorophyll-a scene of the Celtic sea in 2004; both
images are labeled with eight locations. The normalized water leaving radiance
spectra for each of these eight different locations are plotted in Figure 3.2c (these
spectra have been constructed using eight of the MERIS bands). The spectral
response for point 4 indicates that the spectral signal in this image element (or
pixel) is dominated by coccolithophores as it shows a high (saturated) and spectrally
flat response across all visible wavebands. From looking at Figure 3.2a it is apparent
that position 4 is located within the white area of a coccolithophore bloom (i.e. white
indicates a spectrally flat and high response across all wavelengths). In contrast,
points 1–3 and 5–8 exhibit a range of different spectral responses (Figure 3.2c) with
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much lower signals, and likely represent a combination of other phytoplankton
species, coloured dissolved material, or suspended particulates.

3.3.2

Detection using Earth observation

The earliest approach developed to detect these phytoplankton from EO uses data
from the AVHRR sensors orbiting the Earth from 1982 to present. This sensor is
carried onboard the NOAA series of satellites and the longevity of this data record
provides the means to study coccolithophores blooms over a time series extending
over 30+ years, with global coverage. However, due to lower detector gain and
sensitivity in the AVHRR channel of interest (channel 1, 580 – 680 nm), this method
is only able to detect very intense coccolithophore blooms. This approach, originally
developed by Groom and Holligan (1987), and more recently refined by Smyth et
al. (2004), has been used successfully to detect the presence of coccolithophores in
the north Atlantic (Trees et al., 1992; Holligan et al., 1993), the Barents Sea (Smyth
et al., 2004) and various other subpolar waters (Uz et al., 2013). However, due to
the reduced sensitivity, it is difficult to determine the full extent of surface blooms
using this approach, and regions of less intense blooms (i.e., the full extent of any
perimeters) are not detected.
A more complete description of the spatial extent of E. huxleyi blooms is possible
by using data from dedicated ocean-colour radiometric sensors, such as SeaWiFS,
MODIS and MERIS. The simplest approach to detect these phytoplankton groups
using visible spectrum sensors is to examine the normalized water leaving radiance
data, LwN (λ) (or equivalent Rrs (λ)), from a single spectral band. Due to the ability of
coccolithophores to scatter light at all wavelengths, any band in the visible spectrum
can potentially be used, but typically a band in the green part of the spectrum, e.g.,
LwN (555), is employed. This simplistic approach enables the identification of these
phytoplankton under the assumption that no other highly scattering particulates
are present in the water. For example, this approach has been used as a proxy to
study coccolithophore blooms in the waters south of Iceland (Raitsos et al., 2006).
Similarly, by producing a composite image using three spectral bands of normalized
water leaving radiance data, regions of suspected coccolithophores can be identified
by their characteristic relatively flat spectral response, i.e., coccolithophore blooms
appear white. For MODIS, such a composite would use 547, 443 and 412 nm data as
the three layers of a pseudo-true-colour image. A more advanced species-specific
approach was developed for CZCS data (Brown and Yoder, 1994) and later updated
for SeaWiFS (Brown, 2000; Cokacar et al., 2001). This empirical approach is based
on thresholding the spectral response across a combination of three spectral bands,
and provides a species-specific description of bloom extent. The algorithm was
developed using an in situ dataset collected in the North Atlantic. Due to the spectral
similarity between bands, this approach has also been successfully applied to MODIS.
Consequently, it is used within the standard NASA data processing chain (and the
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NASA SeaDAS tool) for both SeaWiFS and MODIS data.
The presence of spectrally-mimicking conditions, such as re-suspended sediments, may cause problems with this approach and can produce false indications
of blooms (Brown and Yoder, 1994; Broerse et al., 2003). This causes significant
problems when the algorithm is applied to blooms in certain shelf seas and coastal
zones, particularly in lower latitudes, which are often characterised by high concentrations of reflective suspended particulates. This characteristic is especially
prevalent during winter months, creating problems when studying annual trends or
long time series. Work by Shutler et al. (2010) attempts to overcome this shortfall
through exploiting temporal correlation to reduce the effects of the background
signals. Through analyzing a time series of data, a statistical description of the
region is generated. This allows anomalous regions (i.e., suspected coccolithophore
blooms) to be separated from the background variations (i.e., suspended particulates
from river outflows and mixing). By applying the spectral approach of Brown and
Yoder (1994) to only those regions that are anomalous, the number of false positives
can be reduced. Whilst considerably reducing the number of false positives, this
technique does involve a computation overhead. The approaches of Brown and Yoder (1994) and Shutler et al. (2010) yield similar results in open-ocean waters, under
the assumption that all suspended particles are due to coccolithophores. However,
the generation and analysis of long time series of coccolithophore blooms in coastal
regions will require the approach of Shutler et al. (2010). In theory, the approaches
of Brown and Yoder (1994) and Shutler et al. (2010) are also applicable to MERIS
data, yet to date this approach for MERIS data has not been investigated. No explicit
algorithm for detecting coccolithophores has been included in the standard ESA
MERIS data processing chain. However, regions exhibiting high levels of scattering
in the visible spectrum are labelled by the MERIS atmospheric correction algorithm
(Aiken and Moore, 2000). In the open ocean, these regions are likely to be blooms of
coccolithophores.
The only approach to date that has been applied to SeaWiFS, MODIS and MERIS
data is that of Moore et al. (2012). This approach combines an optical water type
(OWT) approach with that of the spectral classifier of Brown and Yoder (1994).
In the OWT scheme, mean reflectance vectors for coccolithophore blooms were
developed from Brown and Yoder (1994) classified pixels (i.e., NASA level 2 flagged
pixels) in SeaWiFS data. These vectors were then added to the NOMAD-based OWT
vectors (Moore et al., 2009) and filled a ‘missing class’ specific to coccolithophore
blooms, and thus provided a new coccolithophore bloom water type. Applying
these techniques to SeaWiFS, MODIS and MERIS data provides the means to study
coccolithophores blooms over a >13 year (1997 onwards) global time series. The
work of Shutler et al. (2010; 2013) and Moore et al. (2012) include results from
applying a selection of these algorithms over multiple year time series of the North
Atlantic and global oceans respectively.
Determining the concentration of detached coccoliths and calcite is also possible
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from EO data using two methods, both of which are based upon the backscatter
coefficient at 547 nm, i.e., bb (547). The 2-band method uses a look-up-table (LUT)
to estimate bb (547) based on the remote sensing reflectances in the blue and green
bands (Gordon and Balch, 1999; Balch et al., 2005). The 3-band method employs
a model that uses reflectances at LwN (667), LwN (748) and LwN (869) to estimate
bb (547) (Gordon et al., 2001). Both methods return similar results for moderate
to high concentrations, whereas the 2-band method performs better at low calcite
concentrations. The standard NASA processing (and the SeaDAS tools) for SeaWiFS
and MODIS data combines the two approaches (Gordon and Balch, 1999 and Gordon
et al., 2001) into a single blended algorithm. If the 2-band methods fails, the 3band method is used to retrieve the estimate. The existence of other suspended
particulates reduces its performance, so care must be taken when applying this
algorithm in coastal waters.

(a)

(d)

(b)

(e)

(c)

(f)

Figure 3.3 Example scene of a coccolithophore bloom on 15 June 2004 with
land shown in grey (SeaWiFS at 1348 UTC and MODIS-Aqua at 1335 UTC). a)
SeaWiFS LwN three-band pseudo true-colour composite (555, 490 and 443 nm),
b) SeaWiFS LwN (555) response (units mW cm−2 sr−1 µm−1 ), c) applying the
approach of Brown and Yoder (1994) to SeaWiFS data, d) applying the approach
of Shutler et al., (2010) to SeaWiFS data, e) applying the OWT approach of Moore
et al. (2012) to SeaWiFS data and f) the combined two and three band calcite
concentration result using Gordon et al. (2001) and Gordon and Balch (1999) as
applied to MODIS-Aqua data (units moles m−3 ).

Figure 3.3 shows examples of using the seven different approaches to study
a coccolithophore bloom in the Celtic sea on 15 June 2004. Figure 3.3a shows a
SeaWiFS LwN three-band pseudo-true colour image, which clearly shows a large
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region of white illustrating a spectrally flat signal across all visible wavelengths.
Figure 3.3b shows the LwN at the 555 nm spectral band; Figure 3.3c shows the
output of the Brown and Yoder (1994) algorithm for the SeaWiFS scene, Figure 3.3d
shows the result of Shutler et al. (2010) for the same SeaWiFS scene, and Figure
3.3e shows detection using the OWT approach of Moore et al. (2012) on SeaWiFS
data. Figures 3.3b and 3.3c are comparable as this scene was captured during the
northern hemisphere summer when these waters are stratified. Figure 3.3f shows
the estimated calcite concentration using the combined approach of Gordon and
Balch (1999) and Gordon et al. (2001) applied to MODIS-Aqua data. The region of
missing (black) pixels within the bloom in Figure 3.3f is due to the MODIS-Aqua 547
nm band saturating due to the intense scattering of light.

Figure 3.4 Composite of classified coccolithophore blooms in SeaWiFS imagery
dating from October 1997 to September 2009 using the approach of Brown
and Yoder (1994) with the updated spectral criteria in Brown (2000). The
coccolithophore bloom class is white, the non coccolithophore bloom class
is blue, and land is green. Grey indicates areas where waters are less than
200 meters deep, where the algorithm is prone to errors, and lacking image
coverage.

Figure 3.4 shows all the regions identified as coccolithophore blooms in the
global oceans between 1997 – 2009, as detected by the approach of Brown and
Yoder (1994) using the updated spectral criteria (Brown, 2000). Regions of water
depth of less than 200 m have been masked in grey. As MODIS instruments and
the most recent VIIRS instrument continue the ocean-colour observations from the
SeaWiFS era, time-series of similar maps will provide unprecedented information on
the formation, evolution, and dynamics of coccolithophore blooms on both global
and regional scales.
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Detection of Karenia brevis and K. mikimotoi Blooms
Background

The dinoflagellate Karenia brevis forms massive harmful algal blooms (HABs) nearly
annually in the Gulf of Mexico (Tester and Steidinger, 1997; Magaña et al., 2003;
Walsh et al., 2006). These blooms, which are commonly referred to as “red tides”,
produce brevetoxin, a neurotoxin responsible for neurotoxic shellfish poisoning,
massive fish kills, marine animal mortality, and when aerosolised in sea spray,
respiratory irritation in humans and other mammals (Steidinger, 2009). As a result
of these potential effects, K. brevis blooms have enormous economic implications
in the form of fisheries and tourism-related losses for all five of the adjacent Gulf
coast states (Anderson et al., 2000).
The dinoflagellate Karenia mikimotoi is a high biomass HAB species that has
been identified in harmful concentrations in European waters and the coastal waters
of New Zealand (Faust and Gulledge 2002; Haywood et al. 2004; Rhodes et al. 2004;
Davidson et al. 2009). This dinoflagellate can be commonly present within the
marine flora at relatively low densities, but when the conditions allow, it can bloom
sporadically in high densities. These blooms can result in mortality of farmed
fish and other marine animals through the production of haemolytic cytotoxins
(Satake et al., 2005) and the hypoxic conditions often created by high cell densities
(Tangen, 1977). Traditionally, coastal management agencies and researchers have
relied on analyses of discrete water samples to detect and assess K. brevis and
K. mikimotoi blooms. The samples are usually acquired from nearshore waters,
and the analyses include microscopic cell counts, toxin analyses and determination
of chlorophyll-a concentration. However, these approaches are time consuming,
labour intensive, and spatially and temporally limited. As a result, data collected
in this way are often susceptible to considerable spatial bias and are ultimately
inadequate in terms of providing timely warnings of bloom events for coastal
management agencies (Cannizzaro et al., 2008). The challenge, therefore, has
been to develop monitoring systems with sufficiently high temporal and spatial
resolution that permit the accurate and timely identification of K. brevis blooms
and provide the means to monitor bloom development and transport. As K. brevis
and K. mikimotoi blooms strongly modulate the colour of surface waters (Carder
and Steward, 1985), measurement of ocean optical properties, either in situ or from
space-based platforms, may provide a robust means to reveal synoptic patterns in
bloom formation and transport at various temporal and spatial scales (Steidinger
and Haddad, 1981; Cullen et al., 1997; Tester and Stumpf, 1998; Schofield et al.,
1999; Kirkpatrick et al., 2000; Stumpf, 2001; Miller et al., 2006; Stumpf et al., 2009;
Davidson et al., 2009; Shutler et al., 2012; Kurekin et al., 2014).

52

• Phytoplankton Functional Types from Space

3.4.2

K. brevis bloom detection

Measurement of the spectral absorption properties of phytoplankton may allow
HAB detection since phytoplankton species often possess taxon-specific pigments
(Hoepffner and Sathyendranath, 1993; Johnsen et al., 1994). However, due to similarities in the absorption spectra of phytoplankton pigments and pigment packaging
effects, absorption based discrimination amongst species can be challenging (Garver
et al., 1994). This is particularly true of K. brevis, which lacks the light harvesting
pigment, peridinin, normally associated with dinoflagellates. Instead, it contains
fucoxanthin, a pigment common to many algal groups such as diatoms, prymnesiophytes and chlorophytes (Jeffrey and Vesk, 1997). The only pigment unique
to K. brevis is gyroxanthin diester that absorbs light in the same spectral region
as many carotenoids (Millie et al., 1995; Millie et al., 1997), but may impart sufficient uniqueness to K. brevis absorption spectra to allow discrimination from other
species (Millie et al., 1997; Kirkpatrick et al., 2000; Craig et al., 2006). This property
has been exploited to develop an approach whereby the fourth derivatives of a
mixed phytoplankton assemblage absorption spectrum and a reference K. brevis
absorption spectrum are calculated to enhance minor spectral inflections, then their
similarity to each other is quantified by means of a similarity index (Millie et al., 1997;
Kirkpatrick et al., 2000; Craig et al., 2006). The magnitude of the similarity index (SI)
is then examined for correlation with proxies of K. brevis biomass. Kirkpatrick et
al. (2000) and Robbins et al. (2006) used a liquid waveguide capillary attached to a
spectrometer deployed on various in situ platforms to measure the hyperspectral
phytoplankton absorption coefficient (aB (λ) m−1 ). This was then used to calculate
an SI to allow the identification and tracking of K. brevis blooms. Craig et al. (2006)
derived aB (λ) from in situ hyperspectral Rrs (λ) using an inversion algorithm (Lee
et al., 2002) and found a strong correlation between K. brevis cell counts and the
magnitude of the SI (Figure 3.5a), thereby demonstrating the potential of apparent
optical property measurements for this approach. A sensitivity analysis also showed
that the approach was affected by CDOM and K. brevis cell concentrations (Craig et
al., 2006). These methods rely on hyperspectral data to reveal the subtle spectral
inflections imparted by the K. brevis pigment complement, and so, are not suitable
for use with multispectral sensors.
Other approaches for optically detecting K. brevis focus on methodologies that
are suitable for use with the multispectral data provided by current satellite sensors.
Steidinger and Haddad (1981) demonstrated the first use of satellites for detecting K.
brevis blooms using the CZCS sensor, and subsequently satellite remote sensing has
been proposed as a means of detecting, monitoring and characterising the location
and extent of HABs (Cullen et al., 1997; Tester and Stumpf, 1998; Schofield et al.,
1999). Stumpf et al. (2003) developed the chlorophyll anomaly approach, and this
method, along with other ancillary data, forms the basis of the operational product
currently in use by the US National Oceanic and Atmospheric Administration (NOAA)
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Figure 3.5 (a) Surface K. brevis cell concentration versus SI magnitude (Craig et
al., 2006); (b) Relationship between Chlorophyll and bbp (550) for the 10 ECOHAB
cruises between 2000 and 2001 on the central west Florida Shelf. Symbol size
increases with increasing K. brevis cell concentration (cells l−1 ). Upper and lower
threshold functions (dotted lines) for separating K. brevis bloom (>104 cells l−1 )
and non-K. brevis bloom (<104 cells l−1 ) data were generated using chlorophyllspecific particulate backscattering coefficients, equal to 0.007 m2 mg−1 and
0.003 m2 mg−1 respectively. The solid line represents the optimal threshold
function, generated using = 0.0045 m2 mg−1 . The shaded area represents the
classification criteria (Chl ≥ 1.5 mg m−3 and ≤ 0.0045 m2 mg−1 ) for determining
K. brevis blooms. An empirical relationship determined for Case 1 waters (Morel,
1988) (dashed line) is also shown. Arrows point to misclassified data points
(8000 and 13,000 cells l−1 ) that were located on the edge of a bloom (Cannizzaro
et al., 2009).

(http://tidesandcurrents.noaa.gov/hab/). Stumpf and colleagues (2003) defined an
anomaly to flag for K. brevis as the difference in chlorophyll concentrations between
a single image and a 60-day running mean ending two weeks before the image.
An anomaly of >1 mg m−3 corresponding to a potential bloom of >1 ×105 cells
l−1 and associated with major fish kills (Steidinger et al., 1998), was considered
indicative of K. brevis. However, this cell concentration is more than an order of
magnitude greater than the current regulatory guideline of >0.5 × 104 cells l−1
for shellfish bed closure (NSSP, 2011). Hu et al. (2008) conducted an analysis
of SeaWiFS imagery spanning 1998 – 2003 from the west Florida Shelf using the
chlorophyll anomaly method and found that K. brevis blooms, confirmed by in situ
cell counts, were correctly identified. However, they also found that, despite the
absence of widespread reports of red tides by local fishermen, the method indicated
∼1000 km2 anomaly areas between the 10 and 50 m isobaths nearly every day.
This was the case even when only the late summer-fall period recommended by
Stumpf et al. (2003) was considered, and optically complex regions were omitted
from the analysis. Unfortunately, most of the patches flagged as possible K. brevis
blooms did not have corresponding in situ cell counts for validation. However,
it seems unlikely that these persistent features were always caused by K. brevis.
Rather, it is possible that, in at least some of these instances, the anomalies are
false positives caused by confounding factors such high CDOM concentration or
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enhanced reflectance due to bottom reflection or benthic resuspension. Additionally,
persistent elevated chlorophyll-a that results from prolonged blooms can give rise
to zero-valued anomalies (i.e., no change in chlorophyll-a above the 60-day mean)
thereby resulting in false negative flagging. However, the method is effective in
identifying “new” blooms (Tomlinson et al., 2004; Hu et al., 2008; Tomlinson et al.,
2009).
To overcome some of these difficulties (zero-valued anomalies, bottom reflection and benthic re-suspension), the approach of Shutler et al. (2012), taking into
account the temporal evolution of K. mikimotoi blooms, may be adopted. Alternatively, Hu and colleagues (2005) combined enhanced RGB (ERGB) images and
MODIS fluorescence line height (FLH) to detect and track a K. brevis bloom in the
West Florida Shelf. ERGB images are composites constructed from imagery at 551,
488 and 443 nm, and reveal dark features associated with high absorption due to
Chl and/or CDOM, and bright features associated with bottom reflection and/or
sediment resuspension. FLH utilises red wavelengths (667, 678, 748 nm) to detect
solar-stimulated chlorophyll fluorescence (Letelier and Abbott, 1996). The relationship between chlorophyll-a and FLH is complex due to variability in fluorescence
quantum yield caused by taxonomic differences, phytoplankton physiology and light
exposure history (Kiefer, 1973; Letelier and Abbott, 1996). Nonetheless, over the
west Florida Shelf, Hu et al. (2005) established a robust relationship between FLH
and chlorophyll-a that yielded superior estimates of chlorophyll-a compared with
standard SeaWiFS band-ratio chlorophyll-a. With this relationship, they were able to
use FLH to differentiate between dark ERGB features produced by high chlorophyll-a
and those produced by high CDOM, thereby providing superior and more accurate
feature identification than chlorophyll-a imagery. However, this technique was not
developed for automatic detection and requires visual image interpretation.
Previous modelling and in situ studies of the optical properties of K. brevis have
shown that it exhibits lower backscattering per unit chlorophyll compared to other
species due to its relatively large size (20-40 µm) and low index of refraction (Carder
and Steward, 1985; Mahoney, 2003; Schofield et al., 2006). Consistent with these
findings, an in situ study by Cannizzaro et al. (2008) showed that K. brevis blooms
had 3–20 times lower particulate backscattering coefficients at 550 nm (bbp (550))
than diatom dominated waters at similar chlorophyll concentrations, and that this
led to 3-4 times lower Rrs (λ). Cannizzaro and colleagues (2008; 2009) also postulated
that the lower bbp (550) may be due to a paucity of sub-micron detrital particles
caused by either reduced grazing pressure due to cellular toxicity, or the inability of
K. brevis to outcompete rapidly-growing diatoms in high backscattering, detritus
rich coastal waters. Based on these findings, they developed a set of criteria for
detection of K. brevis blooms: 1) Chl-a >1.5 mg m−3 2) Chl-a:bbp (550) < 0.0045 m2
mg−1 , as defined for case 1 waters by Morel (1988) (Figure 3.5b). This approach
was found to be suitable for both in situ and satellite based measurements of ocean
colour, but false positives were sometimes obtained when CDOM absorption at 443
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nm was two times or greater than aB (443) and when the water was very turbid.
To overcome the difficulties associated with obtaining accurate chlorophyll-a
estimates in optically complex waters, Cannizzaro et al. (2008) proposed the use
of FLH (Figure 3.6). This technique provided the ability to avoid erroneously high
estimates of chlorophyll-a often associated with high CDOM concentrations and so
reduce misclassifications of K. brevis blooms. Hu et al. (2008) implemented the
Chl-a:bbp (550) technique using SeaWiFs imagery on the west Florida Shelf, and found
that its performance was less satisfactory than the in situ scenarios described by
Cannizzaro et al. (2008; 2009), and speculated that this may be due to uncertainties
in the SeaWiFS-derived chlorophyll-a and backscattering products. Carvalho et al.
(2011) conducted a comparison of three K. brevis detection algorithms on the cen-

Figure 3.6 MODIS-Aqua (a) fluorescence line height (FLH) (mW cm−2 µm−1
sr−2 ) and (b) enhanced RGB (ERGB) composite imagery of the central west
Florida Shelf (26–28 ◦ N) for 6 October 2006. Overlaid on both images are
K. brevis cell concentrations (cells l−1 ) (2–6 October 2006) sorted into four
groups: <103 , 103 –104 , 104 –105 , and >105 . The white arrows indicate false
negative classification events when the K. brevis bloom classification criteria
were applied to the October 2006 data (Cannizzaro et al., 2009).

tral west Florida shelf using, for the first time, MODIS-Aqua data spanning a 4-year
period. The algorithms tested were the Stumpf et al. (2003) NOAA operational
algorithm, Chl-a:bbp (550) Cannizzaro et al. (2008), and a new approach they named
the empirical approach. Their empirical approach essentially retained the methodology of Cannizarro et al. (2008) but replaced bbp (550) by water-leaving radiance,
Lw (550), reasoning that Lw is a lower order processing product and subject to less
IOP algorithm-associated uncertainty. They found that the operational method
had an elevated frequency of false-negative cases (i.e., low accuracy in detecting
known blooms), so decided to further compare only the Cannizzaro et al. (2008) and
empirical methods by optimisation via sensitivity analyses. Following optimisation,
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both algorithms were found to perform similarly.
Tomlinson et al. (2009) suggested that the low backscattering and detrital
absorption in K. brevis blooms may affect the spectral curvature of reflectance in the
blue region of the spectrum. Based on this, they developed a technique using the
spectral shape around 490 nm to differentiate K. brevis blooms from other blooms.
They concluded that, when used in an ensemble approach along with the Stumpf et
al. (2003) chlorophyll-a anomaly and Cannizzaro et al. (2008) algorithms, it could
increase the user accuracy (i.e., number of confirmed positives/number of satellite
positives) by ∼30–50%. Amin et al. (2009) proposed a technique called the Red Band
Difference (RBD). This takes advantage of the fact that, due to the low backscattering
properties of K. brevis, fluorescence dominates the water-leaving signal in the red
region of the spectrum producing a more pronounced red peak than non-K. brevis
blooms. However, modelling exercises showed that the RBD for K. brevis blooms was
not sufficiently unique to distinguish it from other blooms, and a second metric of K.
brevis, the K. brevis bloom index (KBBI), was introduced, which, when combined with
the RBD and a method to account for non-zero reflectance in the near infrared from
turbid waters, resulted in improved K. brevis identification. They note, however, that
to overcome noise in the imagery, an RBD threshold equivalent to a chlorophyll-a
concentration of ∼5 mg m−3 is required, potentially excluding many instances of K.
brevis blooms.
Most recently, Soto (2013) conducted an extensive evaluation, optimisation and
intercomparison of six published K. brevis detection techniques: 1) chlorophyll-a
anomaly (Stumpf et al., 2003), 2) spectral shape (Tomlinson et al., 2009), 3) bbp :Chl-a
ratio (Cannizzaro et al., 2008; 2009; Hu et al., 2011), 4) RBD-KBBI (Amin et al.,
2009), 5) a modification of the Carvalho et al. (2010) approach, but using Rrs (λ)(555)
instead of Lw (555), and 6) a multi-algorithm method proposed by Carvalho et al.
(2010). The techniques were implemented on the west Florida Shelf and it was found
that, after optimisation of the thresholds, the success of each of the approaches
in correctly identifying K. brevis blooms was significantly improved. Furthermore,
they developed a new and straightforward approach that utilised only FLH and
Rrs (λ)(555). This approach performed similarly to the most successful of the other
six techniques (RBD-KBBI), but is significantly easier to implement with existing
satellite products and allows for easier adjustment of the thresholds based on
the needs of the user. Several other methods for satellite detection of K. brevis
blooms such as image segmentation (Zhang, 2002), artificial intelligence approaches,
and a combination of techniques (Carvalho et al., 2010), have been proposed and
complement the approaches discussed herein.

3.4.3

K. mikimotoi bloom detection

A number of the approaches that have been developed for detecting and monitoring
K. mikimotoi are similar to those developed for K. brevis. As with K. brevis there are
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two distinct approaches: algal (or biomass) concentration-based and those that are
spectrally based.
As already discussed for K. brevis, in situations where the HABs dominate
the biomass, algorithms that detect new increases (or anomalous increases) in
chlorophyll-a are effective tools for identification. Through the use of background
subtraction, (the process of removing a mean background signal to identify regions
of interest) an algal anomaly can be detected. However, many approaches using
simple background subtraction regimes to detect high biomass blooms are region
specific or require tuning (e.g., Stumpf et al. 2003; Miller et al. 2006; Davidson et al.,
2009). Phytoplankton blooms will typically last several weeks so care must also be
taken to ensure that the bloom of interest does not dominate the background image,
thus meaning that it will not be detected by background subtraction technique. More
recent work has exploited the statistical analysis of temporal data to aid detection
(Shutler et al., 2012). This work provides a region-independent approach that is able
to follow seasonal trends and avoids the need for specific tuning. The approach was
originally developed to detect blooms of harmless coccolithophores (Shutler et al.,
2010) and was later applied to K. mikimotoi (Shutler et al., 2012). The approach was
shown to achieve a correct classification rate of 68% (false alarm rate of 0.24, N=25)
on a small database of in situ samples.
As already mentioned, blooms of K. mikimotoi can significantly alter the colour of
surface waters. Miller et al. (2006) exploited this characteristic and used multivariate
classification as an objective means to discriminate between harmful (K. mikimotoi
and cyanobacteria) and harmless algae in SeaWiFS data. The approach produces
maps of HAB likelihood, rather than distinct regions of HABs and non-HABs. Miller
then used the approach to monitor the dynamics of a number of different bloom
instances. In order to estimate the constituents of the surface water, along with
Rrs (λ) data they used an inversion scheme to estimate the inherent optical properties
(IOP). This approach was also applied to MERIS data (Shutler et al., 2005) and used to
aid the study of a large K. mikimotoi bloom that occurred in Scottish waters in 2006
(Davidson et al., 2009); the bloom resulted in damage to the fish gills of farmed fish
and extensive mortalities of benthic organisms. More recently Kurekin et al., (2014)
further developed the approach to study K. mikimotoi and Phaeocystis globosa and
its application to both MERIS and MODIS data. The approach was shown to correctly
identify 89% of Phaeocystis globosa HABs in the southern North Sea and 88% of K.
mikimotoi blooms in the western English Channel.

3.4.4

Summary

All of the approaches discussed above have been shown, to a greater or lesser
degree, to be useful in the identification of K. brevis and/or K. mikimotoi blooms,
and demonstrate unambiguously the role of ocean colour in detection, management
and mitigation of HABs. In most cases, the approaches require careful, contextual

58

• Phytoplankton Functional Types from Space

interpretation by skilled users to be most effective, but recent work has refined and
simplified the methods making true automation more likely. The new generation
of geostationary satellites such the South Korean GOCI (Geostationary Ocean Color
Imager) and the proposed GEO-CAPE (NASA) sensors will offer multispectral to
hyperspectral measurements at timescales ranging from hours to decades and will,
undoubtedly, greatly enhance the capabilities of remote sensing to detect HABs.

3.5
3.5.1

Detection of Trichodesmium Blooms
Background

Trichodesmium spp., a charismatic marine cyanobacterium, is well known to form
large surface blooms that can cover 100’s of thousands of kilometers and can be
observed from space-based sensors. This nitrogen fixer has been shown to play an
important role in global and regional nitrogen and carbon cycles (Capone et al., 1997;
Gruber and Sarmiento, 1997; Karl et al., 1997). On continental shelves such as the
west Florida shelf, Trichodesmium blooms can serve as a significant nitrogen source
for toxic Karenia brevis blooms (Walsh and Steidinger, 2001). Accurate assessment
of Trichodesmium blooms on global and regional scales can thus improve our
understanding of nitrogen and carbon cycles as well as our capacity to forecast toxic
blooms.

3.5.2

Bloom detection

The first report in the literature of a direct observation of Trichodesmium is the
photograph taken from the Space Shuttle of a massive bloom of this organism
in the Capricorn Channel (Kuchler and Jupp, 1988). To identify and quantify a
specific species of bacteria from space, the organism needs to have characteristic
properties that can be remotely sensed. Phototrophic bacteria such as cyanobacteria carry auxiliary pigments including phycoeryrthin (PEB) and phycocyanin (PC)
that have unique optical properties (e.g., Figure 3.7). Researchers (Subramaniam
and Carpenter, 1994; Bracher et al., 2009) have proposed techniques that exploit
changes in absorption of light due to the presence of these pigments to identify and
quantify cyanobacteria such as the filamentous, non-heterocystous Trichodesmium
spp. However, it should be noted that Garver et al. (1994) analyzed about 400 in
situ absorption spectra and concluded that more than 99% of the variance in the
absorption spectra of particulate matter was related to the amount of material, and
only a very small signal (less than 0.5%) was related to the presence of auxiliary
pigments. In other words, they concluded that, for typical conditions (non-mono
species, non-bloom, organism that are heterogeneously mixed through the upper
water column), it was unlikely that ocean-colour remote sensing would be able to
uniquely identify particular phytoplankton groups. Morel (1997) analyzed optical
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Figure 3.7 Spectra of remote sensing reflectance (Rrs ) and absorption coefficient (ap ) measured from Trichodesmium mats off the west coast of Florida. The
vertical dashed lines denote the local absorption maxima due to Chl (chlorophylla), PUB (phycourobilin), PEB (phycoerythrobilin), and PC (phycocyanin). The
empty and filled rectangles show the positions and bandwidths of the MODIS
bands. The 10-nm ocean bands centered at 443, 488, 531, 551, and 667 nm
have 1-km nadir resolutions. The land bands at 469 (459 – 479), 555 (545 –
565), 645 (620 – 670), and 859 (841 – 876) nm have spatial resolutions of 500,
500, 250, and 250 m, respectively. Local reflectance maxima are found at 478,
528, and 558 nm, while local reflectance minima are found at 490 and 550 nm.
Figure adapted from Hu et al. (2010a).

data collected during a dense bloom (3 × 108 cells per liter) of Synechococcus, a
cyanobacterium that contains PEB, and contributed to over half the chlorophyll
concentration. He concluded that it would be “illusory to expect more than the
possibility of producing an index or a flag indicating the presence of PEB bearing
organisms” from ocean-colour sensors.
Trichodesmium has several unique attributes that has allowed for its unique
identification under specific conditions: 1) in addition to its absorption characteristics due to the presence of PEB, it also contains gas vesicles that scatter light
making surface blooms of this organism “brighter”. Indeed, senescing blooms of
this organism have been described as silvery grey in colour (Devassy et al., 1978); 2)
Water molecules absorb strongly in the red/near infrared region of the spectrum and
the optical signature of sub-surface blooms in this region of the spectrum are lost
due to this absorption by water. However, the gas vesicles in Trichodesmium cause it
to accumulate at the surface as a microlayer above the water (Villareal and Carpenter,
2003) creating a high reflectance in the near infrared – so high that surface blooms
of Trichodesmium often get classified as clouds in standard satellite data processing
routines. This high reflectance of surface blooms of Trichodesmium was exploited
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by Subramaniam et al. (1999) to detect this organism using the visible and infrared
bands of the AVHRR sensor. Capone et al. (1998) used the same technique to map
a bloom of Trichodesmium in the Arabian Sea that covered an area greater than 2
million square kilometers.
The first use of ocean-colour satellites to map Trichodesmium was shown by
Dupouy et al. (1988) who used CZCS imagery to map a massive bloom of Trichodesmium in the waters off New Caledonia. Subramaniam and Carpenter (1994)
developed an empirical algorithm based on the bright reflectance and potential
changes in reflectance due to presence of phycoerythrin. The first optical model
for estimating the remote sensing reflectance of Trichodesmium for developing
remote sensing algorithms was developed by Borstad et al. (1989). Tassan (1995)
used a three-component optical model to determine the minimum concentration
of Trichodesmium needed to identify this organism from space. Subramaniam et
al. (1999) developed an optical model that was based on Trichodesmium-specific
measurements of absorption and backscatter. They used the combination of the
absorption, fluorescence, and scattering properties of Trichodesmium in addition
to the high infrared reflectance to develop satellite algorithms for its detection
and quantification with SeaWiFS data (Subramaniam et al., 2002). They concluded
that widespread use of this algorithm was not feasible because of the challenges
of spatial resolution of the satellite. Since Trichodesmium slicks are often very
heterogeneous in their spatial distribution, it was very difficult to use standard
globally applicable algorithms. Westberry et al. (2005) used a semi-analytical model
to produce global maps of this organism and analyze its occurrence on a global
basis, where the optical signatures of Trichodesmium blooms could be identified for
waters with chlorophyll-a concentrations greater than 0.8 mg m−3 .
The Maximum Chlorophyll Index (MCI) approach of Gower et al. (2005; 2008) has
also been used to detect and track surface slicks of Trichodesmium. The MCI detects
the local reflectance peak around 709 nm for intense phytoplankton blooms, so
the identified blooms are not Trichodesmium specific. In contrast, Hu et al. (2010a)
used a Floating Algae Index (FAI) to first identify surface mats of blooms, and then
used reflectance spectral curvatures in the blue-green wavelengths to differentiate
Trichodesmium blooms from other blooms (e.g., Figure 3.8). Indeed, because of
the Trichodesmium-specific pigments such as PUB and PEB, Trichodesmium bloom
mats showed unique spectral curvatures that can be differentiated from other
bright features such as coccolithophore blooms (Figure 3.8) or Sargassum blooms
(Hu et al., 2010a). Application of this approach successfully identified a massive
Trichodesmium bloom south of Fiji Island (Figure 3.9a). However, such an approach
is limited to blooms only when they form surface mats that result in elevated “rededge” reflectance in the near-infrared. Likewise, a similar approach developed for
the Great Barrier reef region (McKinna et al., 2011) worked well only for surface
mats of Trichodesmium blooms. In contrast, the approach of Dupouy et al. (2011)
developed for the South Western Tropic Pacific examined the radiance anomaly in
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Figure 3.8 MODIS-Aqua reflectance difference spectra of a Trichodesmium
bloom on the west Florida shelf and a Coccolithophore bloom off the West
English Channel (same as in Figure 3.2). Note the spectral curvatures between
469 nm and 555 nm (i.e., the low-high-low-high-low-high features) due to the
Trichodesmium-specific pigments. In contrast, the coccolithophore spectrum
does not show such curvatures.

the visible wavelengths relative to waters without Trichodesmium blooms. This
approach does not rely on the elevated reflectance in the NIR, and therefore may be
applicable for blooms where Trichodesmium cells are mixed in the water column.
Fiji
S Pacific
Image size:
620 km x 620 km

April 18, 2007, Taihu Lake

Oct 18, 2010, South Fiji
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Figure 3.9 (a) MODIS-Aqua FAI image showing a Trichodesmium bloom south
of Fiji Island in the South Pacific on 18 October 2010. The bloom showed
spectral curvatures in the blue-green wavelengths similar to those shown in Fig.
3.8; (b) MODIS-Aqua FAI image showing a cyanobacteria bloom of Microcystis
aeruginosa in Taihu Lake, China (a shallow, freshwater lake of about 2300 km2
centered around 31.2◦ N, 120.2◦ E.
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3.5.3

Other cyanobacterial blooms

Various types of cyanobacterial blooms other than Trichodesmium have been reported in both marine and fresh waters. Whether they can be differentiated from
space depends upon whether they exhibit spectral signatures that can be detected by
the remote sensors at specific spectral, spatial, and radiometric resolutions. Below
are two examples of such cyanobacterial blooms.

3.5.3.1

Nodularia blooms in the Baltic Sea

Each summer during upper water column warming, a sequence of cyanobacterial
blooms occur in the Baltic Ocean, usually culminating in a major bloom of Nodularia
spumigena. Nodularia, a nitrogen fixing cyanobacteria, is also associated with
nodularin, a hepatotoxin (Sivonen et al., 1989) and beta methyl amino alanine
(BMAA), a neurotoxic amino acid (Cox et al., 2005). Kahru et al. (1993) showed
that surface blooms of these organisms can be detected using the AVHRR sensor
and compiled a time series of images to explore the factors that contribute to the
formation and transport of these blooms (Kahru et al., 2000), yet the algorithm to
detect the bloom was based on the a priori knowledge that Nodularia spumigena is
the dominant bloom species. Based on field-measured optical properties, Metsamaa
et al. (2006) showed signatures around 630 and 650 nm in the modelled reflectance
spectra, which may be useful for developing remote sensing algorithms for intense
blooms (chlorophyll >8 – 10 mg m−3 ).

3.5.3.2

Microcystis blooms in lakes

Simis et al. (2007) developed a technique for quantifying concentrations of phycocyanin, the marker pigment for freshwater cyanobacteria, and found that their
algorithm could allow for assessment of cyanobacterial risk to water quality and
public health following the World Health Organization guidelines (WHO, 2003) in
about 70% of the cases they considered. Budd et al. (2001b) exploited the enhanced
scattering of light by surface blooms of the toxic cyanobacterium Microcystis to map
blooms of this organism using visible band channels on the AVHRR and Landsat Thematic Mapper (TM) sensors. Using this combination, Budd et al. (2001a) constructed
a time series of satellite-based turbidity maps for Lake Erie from 1987 to 1993,
representing the period from before to after the establishment of zebra mussels
(Dreissena polymorpha) in these waters. Similarly, using the MODIS FAI to capture
the elevated reflectance in the NIR when blooms of Microcystis aeruginosa form surface mats (Figure 3.9b), Hu et al. (2010b) established a 10-year time-series of bloom
characteristics for Taihu Lake of China to study bloom seasonality and inter-annual
changes. Similar to the Baltic case, however, these bloom detection algorithms
require a priori knowledge of the bloom type in the specific study regions.
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Detection of Ulva prolifera Blooms
Background

Green tides of macroalgae blooms have been reported in the world’s oceans (e.g.,
Fletcher, 1996; Blomster et al, 2002; Nelson et al. 2003; Merceron et al., 2007),
but it was not until summer 2008 when a massive bloom of the macroalgae Ulva
prolifera in the Yellow Sea off Qingdao, China, caught wide international attention
from both the research community and the public (Hu and He, 2008). Since then,
several targeted studies attempted to determine the bloom’s origin, cause, temporal
evolution, and ecological consequences (Lü and Qiao, 2008; Sun et al., 2008; Liu et al.,
2009a; Hu et al., 2010c). Although Ulva prolifera may serve as an important habitat
for marine animals and can be utilized as fertilizers, it also represents a marine
hazard for transportation. Excessive Ulva prolifera may cause a beach nuisance and
is a burden to local management (Hu and He, 2008; He et al., 2011). Satellite remote
sensing has been used to study the extent and distribution of the green macroalgae
blooms. In particular, Hu et al. (2010c) used MODIS and Landsat time series to
demonstrate that the Ulva prolifera blooms in the Yellow Sea and East China Sea
are recurrent and they related to local seaweed aquaculture. The principle to detect
these blooms from space is briefly discussed below.
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Figure 3.10 Ulva prolifera bloom off Qingdao, China. (b) MODIS reflectance
of Ulva prolifera bloom and bloom-free water. Also shown is their difference
spectrum. Note the reflectance peak at 859 nm, which forms the basis to use
FAI for bloom detection (Hu, 2009).

The individual multi-cell Ulva prolifera are thin filaments that can grow to one
meter in length. Their aggregation can make them appear as surface vegetation
(Figure 3.10a), and therefore detectable in satellite imagery (Figure 3.10b). Most algorithms to differentiate phytoplankton functional groups rely on visible wavelengths
(Nair et al., 2008). However, atmospheric interference, especially for the Yellow
Sea, may induce unexpected errors in these wavelengths. This is because that the
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interference is estimated from longer wavelengths in the near-infrared or shortwaveinfrared and then extrapolated to the visible. In contrast, reflectance data in the
near-IR derived from satellite measurements are less prone to the extrapolationinduced errors. Indeed, Ulva prolifera blooms show elevated reflectance in the
near-IR, which can be used to differentiate them from the bloom-free background
water.

3.6.2

Bloom detection

Based on the above argument, the traditional way to quantify surface vegetation,
through a Normalized Difference Vegetation Index (NDVI), was used to detect Ulva
prolifera blooms (Hu and He, 2008). However, NDVI is very sensitive to changes in
observing conditions such as variable aerosols and solar/viewing geometry. Using
model simulations and satellite data product comparison, Hu (2009) showed that
the relative reflectance height in the near-IR is relatively stable against these variable
conditions. Thus, similar to the concept of the MODIS fluorescence line height (FLH,
Letelier and Abott, 1996) and MODIS maximum chlorophyll index (MCI, Gower et
al., 2005), a floating algae index (FAI) was introduced to detect and quantify the
surface area of Ulva prolifera blooms (Hu, 2009). The FAI is defined as the difference
between MODIS Rayleigh corrected reflectance (Rrc ) at 859-nm and a baseline formed
linearly between Rrc at 645 nm and 1240 nm. The baseline subtraction provides a
simple and practical means to correct atmospheric effects due to aerosol scattering,
thus making bloom features comparable under different observing conditions.
The linear design of the FAI makes it simple to estimate surface area of a bloom
from mixed pixels. Using statistics and visual examination to determine the FAI
threshold values for 0% and 100% pixel coverage, respectively, Hu et al. (2010c)
estimated that MODIS 250-m resolution data could be used to detect algae slicks >5
m wide when the length is greater than several pixels. This preliminary estimate is
dependent on the sensor’s sensitivity and therefore should not be generalized for
other sensors.
While the details on the spectral shape of Ulva prolifera surface slicks/patches
and application of FAI to document the 10-year occurrence of the algae blooms
in the Yellow Sea and East China Sea can be found elsewhere (Hu, 2009; Hu et al.,
2010c), Figure 3.11 shows two MODIS FAI images obtained on 21 June 2010 in
coastal waters off Qingdao. Rrc spectra from the identified slicks show elevated
Rrc in the near-IR, indicating floating vegetation. Given the fact that Ulva prolifera
blooms are recurrent in this region, one may conclude that these surface floating
features are the green macroalgae, Ulva prolifera. Note that the two images were
collected only three hours apart from MODIS/Terra and MODIS/Aqua, respectively.
The two wide-swath (about 2330-km) satellite instruments not only increase the
chance of cloud-free observations, but also complement each other to potentially
estimate the movement, direction and speed of these surface floating features.

Detection of Dominant Algal Blooms by Remote Sensing

• 65

Figure 3.11 MODIS FAI images on 21 June 2010 showing an Ulva prolifera
bloom off Qingdao, China in the Yellow Sea (about 200 x 200 km centered
around 36◦ N, 120◦ E). The Ulva prolifera aggregation on the surface makes them
appear as surface vegetation slicks and patches, which can be identified and
quantified using the FAI (Hu, 2009; Hu et al., 2010c).

The FAI approach has limitations. First, because of water’s strong absorption
in the near-IR, submerged blooms do not show elevated reflectance in the near-IR,
and therefore cannot be identified using FAI imagery. This shortcoming may limit
the ability to detect a bloom in its early stage. Further, FAI does not distinguish the
spectral differences (except in the near-IR) from various bloom types. In principle,
FAI detects the Rrc peak in the near-IR and therefore can be used to identify any
suspicious features that show near-IR peaks, such as Trichodesmium blooms and
Sargassum spp. macroalgae (Subramaniam et al., 2002; Gower et al., 2006). For
the same reason, FAI cannot distinguish them spectrally. The ability of using FAI
to detect Ulva prolifera in the Yellow Sea and East China Sea relies on the a priori
knowledge that these green macroalgae blooms are recurrent. In an unknown
environment, the ability to differentiate algae types is limited. However, once the
suspicious features are delineated in FAI imagery, Hu et al. (2010b) showed that
the spectral curvatures in the blue-green wavelengths can be used to differentiate
Trichodesmium from Sargassum in the Gulf of Mexico. The approach to combine
FAI and other spectral information to differentiate other phytoplankton groups,
especially in other parts of the world’s oceans, remains to be tested. Nevertheless,
the simple design of the FAI makes it straightforward to implement for many
existing and planned satellite instruments at various spatial resolutions (e.g., MODIS,
Landsat, Suomi NPP/VIIRS), and time-series studies using FAI imagery may reveal
previously unknown oceanographic phenomena and processes.
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3.7
3.7.1

Detection of Sargassum spp. Blooms
Background

0.06

In situ Rrs of a Sargassum mat in the
northern Gulf of Mexico, September 2011

0.04

Sargassum

0.08
0.06

6/2/2005, WGOM
5/28/2008, SAB

0.02

0.10

0.04

-1
Rrs (sr )

MODIS Rrc (difference)

The brown macroalgae, Sargassum spp., has two holopelagic species, Sargassum
natans and Sargassum fluitans, both characterized by numerous blades, a thallus,
and air bladders that form surface mats or “weak lines” on the ocean surface at
convergence zones (Ryther, 1956; Figure 3.12a). The macroalgae provides important
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Figure 3.12 (a) Pelagic Sargassum mats in the Gulf of Mexico (GOM). (b) MODIS
reflectance of Sargassum lines in the western GOM and South Atlantic Bight.
Also shown is a Rrs spectrum collected from a Sargassum mat in the northern
GOM in September 2011. Note the elevated reflectance around 600 nm in both
MODIS and in situ spectra. The major difference between MODIS and in situ
spectra in the NIR wavelengths is primarily due to the mixed MODIS pixels.

habitat (food, shade, shelter from predators) to a variety of marine animals including
fish, shrimp, crabs, and several threatened species of turtles (South Atlantic Fishery
Management Council, 2002; Rooker et al., 2006; Witherington et al., 2012). Accurate
knowledge of Sargassum occurrence and their biomass distributions can help plan
field surveys to study these marine organisms and their associated ecosystem.
Sargassum may also play an important role in marine primary productivity, thus
contributing to carbon cycling (Gower et al., 2006). Sargassum may affect local
biogeochemistry through nutrient remineralization, enhanced coloured dissolved
organic matter, and bacteria activities (Laptointe, 1995; Zepp et al., 2008). Sargassum
can also be a natural source of fertilizer for dune plants which help to stabilize
coastal dune systems from erosion (Tsoar, 2005; Anthony et al., 2006). On the other
hand, excessive Sargassum on the beach represents a nuisance and a health hazard,
and they often need to be physically removed. Many beaches around the GOM and
in the southern Caribbean suffer from Sargassum deposition on a regular basis (e.g.,
Gower et al., 2013). Timely information on the occurrence of Sargassum blooms is
useful for both research and management such as implementation of harvesting
policy, equipment rental for beaching cleaning, and guidance on recreational fishing.
Time series of Sargassum abundance and distributions can help understand their

Detection of Dominant Algal Blooms by Remote Sensing

• 67

origin, evolution, and transport among various marginal seas, as such information
is currently limited despite a handful of remote sensing studies (Gower and King,
2011; Gower et al., 2013).

3.7.2

Bloom detection

Similar to other surface floating vegetation, Sargassum shows elevated reflectance
in the NIR (the red-edge reflectance, see in situ Rrs spectrum in Figure 3.12b). In
addition to this feature, the reflectance around 600 nm is also elevated; this is why
Sargassum mats often appear brownish. While the red-edge reflectance is not unique
to Sargassum (e.g., other organisms such as Ulva prolifera and cyanobacteria may
also show elevated NIR reflectance), the elevated reflectance around 600 nm might
be useful in differentiating brown Sargassum from other types of macroalgae (e.g.,
the green macroalgae Ulva prolifera) or microalgae (e.g., cyanobacteria).
Based on the principle of red-edge reflectance and several assumptions, Gower
et al. (2006), perhaps the first remote sensing-based Sargassum study, used MERIS
and MODIS to detect and quantify Sargassum in the Gulf of Mexico. Specifically, the
reflectance red edge at the 709-nm MERIS band (300-m resolution) was examined, and
elevated reflectance was assumed to be caused by Sargassum surface aggregations.
The elevated reflectance in the NIR also caused negative MODIS FLH values, which
were used (together with some a priori knowledge of the ocean environment) as an
indicator of floating Sargassum mats. The concept has been extended to MODIS data
to form the FAI (Hu, 2009) to examine the elevated reflectance at 859-nm (250-m
resolution) to detect Sargassum and other floating materials. This is because the
859-nm MODIS band (designed for land use) does not saturate over bright targets
and it has higher spatial resolution than the 1-km ocean bands.
Figure 3.13a shows a MODIS-Terra FAI image collected east of Bermuda, where
elongated line features can be clearly visualized. Although there is no strictly
concurrent ground truth data on the same day, local reports for the same period
indicated that these lines could be Sargassum slicks. Application of this approach to
MODIS data over the Gulf of Mexico, the Sargasso Sea, and the central Atlantic Ocean
showed success in detecting floating algae lines in many images, which formed the
basis to establish time-series data for statistical analysis. Indeed, Gower and King
(2011) and Gower et al. (2013) used MERIS time-series data to document spatial
distributions of Sargassum abundance and their temporal changes in the Gulf of
Mexico and Atlantic. The addition of MODIS data may provide complementary
results to refine the interpretations, as the MODIS swath width is twice as wide as
that of MERIS, and furthermore there are two MODIS instruments in orbit.
Both MODIS and MERIS are limited by their coarse resolutions when detecting
surface features. Hu et al. (2010c) proposed that macroalgae slicks of <5 m wide
could not be detected by the MODIS 250-m data at current MODIS signal-to-noise
ratio (SNR). However, the simple design of FAI could be extended to other higher-
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(b) Landsat-7 FAI
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Figure 3.13 MODIS and Landsat FAI images (250- and 30-m resolutions, respectively) showing Sargassum-like features in the Sargasso Sea near Bermuda
at 32.30◦ N, 64.77◦ W (a) and in the Florida Strait near Duck Key at 24.77◦ N
80.91◦ W (b). Some of the prominent features are annotated with brown arrows.
Note that the slicks shown in (b) cannot be detected by MODIS on the same day
due to the coarser resolution of MODIS.

resolution sensors such as Landsat TM or ETM+ (30-m) as long as the sensor has
three spectral bands in the red, NIR, and shortwave infrared (SWIR) wavelengths
(Hu, 2009). Figure 3.13b shows a Landsat-7 EMT+ FAI image, where surface lines of
floating algae, thought to be Sargassum, could be visualized. The global availability
of Landsat data series, in particular with the recently launched Landsat-8, will greatly
facilitate regional studies of Sargassum distributions and their movement patterns.

3.8

Summary and Discussion

Through demonstration of several examples, this chapter presents the basic principles and algorithms in remote sensing detection of several dominant phytoplankton
functional types including diatoms, coccolithophores, Karenia brevis, Karenia mikimotoi, Trichodesmium, Ulva prolifera, and Sargassum. Most of these types can
be found globally, while Ulva prolifera and Sargassum have only been reported
regionally. The algorithms shown here can be summarized as follows:

v Diatoms: based on the differences between pigment absorption spectra between diatoms and other phytoplankton types.
v Coccolithophores: based on the elevated reflectance in the visible spectrum
(particularly in the blue-green wavelengths) and on band ratios.
v Karenia brevis: based on chlorophyll-specific high biomass (anomaly) detection, chlorophyll-specific backscattering efficiency, spectral shape in the
blue-green wavelengths, or band ratios in the red and NIR.
v Karenia mikimotoi: based on chlorophyll-specific high biomass (anomaly)
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detection or its spectral shape.
v Trichodesmium: based on absorption features of Trichodesmium-specific pigments and on the red-edge reflectance
v Ulva prolifera: based on the red-edge reflectance of the floating macroalgae
v Sargassum - based on the red-edge reflectance of the floating algae.
The demonstrations showed successful examples, yet there are limitations in
all algorithms and there is much room for further improvement. On the algorithm
accuracy, except for the case of Trichodesmium where the spectral shapes show
unique features that can be distinguished from other phytoplankton types, most
of these algorithms require a priori information on the ocean environment. For
example, without knowing the location of the image, it would be very difficult to
tell whether the red-edge reflectance is caused by Ulva prolifera or by Sargassum.
Likewise, the spectral characteristics of Karenia brevis, and Karenia mikimotoi are
not expected to be unique on a global basis, where other phytoplankton types (e.g.,
other toxic blooms or waters containing mixed phytoplankton populations) may be
falsely detected as K. brevis or K. mikimotoi blooms. Similarly, sediment plumes
from rivers or the re-suspension due to storms of historical coccoliths can cause
false positives when attempting the detection of coccolithophore blooms. Likewise,
if other non-diatom phytoplankton have similar pigment absorption properties to
diatoms in other marginal seas, it would be difficult to differentiate diatoms from
others. In the future, the algorithms should be tested in other regions with more
cases, where more spectral bands are analyzed to rule out other look-alike (spectrally
similar) features.
Another limitation is how to quantify the bloom biomass or chlorophyll concentrations. Except for the case of diatoms, one K. mikimotoi approach and one
coccolithophore approach, most of the algorithms only show the presence or absence of a certain bloom. This is primarily due to the difficulties in sampling the
blooms and matching the satellite observations. K. brevis blooms are known to
be very patchy, where concentrations of the phytoplankton cells can change by
orders of magnitude within hundreds of meters. In this case, it is extremely difficult
to match the field samples with large satellite pixels. Likewise, blooms of Trichodesmium, Ulva prolifera, and Sargassum are also very patchy, creating difficulties
in validating satellite algorithms. In addition, it is difficult to determine the biomass
or chlorophyll concentration per bloom area to relate to surface reflectance, as the
presence of a boat often disturbs the bloom environment. Even though the bloom
could be sampled accurately in the field, satellite pixels are often mixed with bloom
features and bloom-free water, thus requiring appropriate algorithm to un-mix the
pixels. Gower et al. (2006) and Gower and King (2011) estimated Sargassum biomass
based on several crude assumptions, yet these assumptions require field validation.
Likewise, the assumption used in Hu et al. (2010c) on the biomass of Ulva prolifera
per unit area also needs field validation. Clearly, the immediate need in the future
is to develop improved sampling techniques to develop algorithms to quantify the
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bloom intensity.
Except for the case of diatoms, coccolithophores, and Trichodesmium cells mixed
in the water column, the detection limit of floating mats of Trichodesmium, Ulva
prolifera, and Sargassum is unknown due to the sampling difficulty as mentioned
above. This is in addition to the spatial resolution restrictions as shown in Figure
3.13b. The detection limit is also a function of the sensor’s spatial resolution
and SNR, which varies among sensors. Thus, in addition to developing improved
sampling techniques, it is necessary to study and compare sensor performance for
their ability to detect and quantify the various blooms.
Despite the above limitations, it is clear that the algorithms worked well on
the case studies outlined here. Indeed, with some a priori knowledge of the ocean
environment and availability of global ocean-colour data and Landsat data, it is
possible to establish remote sensing systems to assess and monitor blooms on a
quasi-operational fashion in different ocean regions. In the absence of validated algorithms to estimate biomass or chlorophyll-a concentrations, the relative patterns in
space and time based on educated assumptions can still provide critical information
on the spatial and temporal changes of these biologically and ecologically important
marine organisms.

